Despite a tremendous effort to map quantitative trait loci (QTLs) responsible for agriculturally and biologically important traits in plants, our understanding of how a QTL governs the developmental process of plant seeds remains elusive. In this article, we address this issue by describing a model for functional mapping of seed development through the incorporation of the relationship between vegetative and reproductive growth. The time difference of reproductive from vegetative growth is described by Reeve and Huxley's allometric equation. Thus, the implementation of this equation into the framework of functional mapping allows dynamic QTLs for seed development to be identified more precisely. By estimating and testing mathematical parameters that define Reeve and Huxley's allometric equations of seed growth, the dynamic pattern of the genetic effects of the QTLs identified can be analyzed. We used the model to analyze a soybean data, leading to the detection of QTLs that control the growth of seed dry weight. Three dynamic QTLs, located in two different linkage groups, were detected to affect growth curves of seed dry weight. The QTLs detected may be used to improve seed yield with marker-assisted selection by altering the pattern of seed development in a hope to achieve a maximum size of seeds at a harvest time.
INTRODUCTION
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There has been a wealth of literature on the construction of genetic linkage maps and detection of QTLs for different traits in plants [4] [5] [6] . As one of the most important traits, genetic mapping of seed traits has received considerable attention. For example, 94 QTLs related to seed weight have been reported in soybeans [7] [8] [9] [10] [11] [12] , three of which have been confirmed [13, 14] . Despite these efforts, most studies ignore dynamic and developmental changes implicated in seed growth. More recently, Teng et al. [6] performed QTL mapping for seed weight by measuring its developmental behavior, but they used a traditional mapping approach based on individual time points. A novel statistical method for mapping dynamic traits, called functional mapping, has been developed in the literature [15] [16] [17] [18] [19] [20] [21] [22] . Functional mapping implements mathematical aspects of biological principles to describe the changes of gene actions and interactions triggered by QTLs during trait development. Practical applications of functional mapping can be found for diameter and rooting ability in poplars [15, 23] , programmed cell death in rice [24] , plant height in soybeans [25] and body mass growth in mice [26] . The QTLs detected in these examples display different temporal patterns in governing the formation and expression of a trait during development.
The earlier work of functional mapping dealt with the dynamic growth of vegetative traits. Because reproductive growth may be initiated from different stages of vegetative growth, functional mapping for seed development needs the adjustment for time differences of reproductive from vegetative growth. Thus, to better describe the developmental trajectories of seed traits, we capitalized on Reeve and Huxley's [27] where y is a biological dependent variable, x is the body mass, a is a constant parameter and b is a power component. The additional parameter in Reeve and Huxley's equation is considered as the point in ontogeny where the development of y begins relative to x [30] .
Seeds develop from sexually mature plants. In practice, it is possible to investigate the time to initiate seeds. Because there is considerable variation in the timing of seed formation, we used Reeve and Huxley's equation to capture this variation through parameter g. Genetic mapping relies on a segregating population, such as the F 2 , backcross, double haploids or recombinant inbred lines (RIL). Suppose we have constructed a high-density linkage map for a mapping population using molecular markers. An RIL population allows its individual progeny to be replicated genotypically. By planting multiple replicates for each RIL in a randomized block design, we can measure its whole-plant biomass and seed biomass at a series of time points by destructive sampling. For RIL i, T i time points, which can be either even-spaced or uneven-spaced, are measured. In an RIL population, there are two homozygous genotypes QQ (1) and(2) at a QTL, with allele Q derived from one parent and allele q derived from the second parent. For an RIL i, the phenotypic value of its seed biomass, y ij , at time t ij (j ¼ 1, . . . , T i ), affected by a QTL, can be expressed by a nonlinear regression model, expressed as
where x ij is the whole-plant biomass of RIL i at time t ij ; z ik is an indicator variable with z ik ¼ 1 if this line has QTL genotype k, otherwise z ik ¼ 0; a k , b k and g k are unknown parameters that correspond to QTL genotype k; and e ij is a residual error assumed to be normally distributed with mean 0 and variance s is genotype-dependent. Thus, by testing how these parameters differ between the two genotypes, we can identify the pattern of QTL effects on seed development.
If we have n RILs, the likelihood of unknown parameters given phenotypic (y) and marker data (M) can be expressed, in terms of a mixture model, as
where ? contains unknown model parameters to be estimated; o kji is the conditional probability of QTL genotype k, conditional on the genotype of two flanking markers of RIL i, which are referred to as Wu et al. [31] ; and f k (y i , m ik ) is a multivariate normal function of RIL i that carries QTL genotype k, expressed as
where
is the mean vector of QTL genotype k for RIL i measured at T i time points; and AE i is the residual covariance matrix of RIL i with T i repeated measurements. For a longitudinal covariance matrix R i , it is suggested that an appropriate statistical model be used to model its structure. A number of models have been available to model the covariance structure within the functional mapping framework [32, 33] . In a real example for QTL mapping using an RIL population of soybeans (Figure 1 ), it appears that timevarying variability in seed developmental trajectories can be modeled by a simple autoregressive model of order one [AR(1)] for covariance structure. As an example, here, we use the AR(1) by assuming that variance and covariance are stationary, expressed as
where s 2 is the variance and r is the proportion parameter with which the correlation decays with time lag. For growth data like one in this example, other parametric approaches for covariance structure can be used, such as structured antedependence models that relax the assumptions of variance stationarity and covariance stationarity [34] .
Likelihood Equation (3) contains three types of unknown parameters, i.e. QTL location described by o jji , genotype-specific curve parameters (a k , b k , g k ) and covariance-structuring parameters (r,s 2 ). To obtain the MLEs of these unknown parameters, we used a hybrid of the EM algorithm and NelderMead simplex method. The algorithm is a directsearch optimization method for non-linear functions in low dimensions and it does not need any derivative information.
The hypothesis to test whether there exists a QTL affecting seed growth curves at a specific genomic position can be formulated as
at leastone of the equalities aforementioned does not hold
where the H 0 corresponds to the reduced model and the H 1 corresponds to the full model. The log-likelihood ratio of the full model over the reduced model is applied to test the aforementioned hypotheses,
where? and? denote the MLEs of the unknown parameters under the H 0 and H 1 , respectively. Permutation tests were performed to determine genome-wide critical threshold [35] , by which a QTL is asserted to exist in a position of chromosome if a high peak of LR profiles exceeds the threshold. Each plant experiences reproductive behavior only when it reaches a particular size through vegetative growth. Parameter g can describe the time delay of reproductive behavior relative to vegetative growth. Whether this time delay is controlled by the QTL can be tested by the hypotheses
The rejection of the null hypothesis implies that the QTL triggers a significant effect on the amount of vegetative growth that is ready to initiate seeds.
APPLICATION Plant materials
An RIL population of soybean derived from the cross between cultivars Kefeng No.1 and Nannong1138-2 was used to validate the model for seed-development mapping. The population consists of 184 RILs whose first linkage map constructed from 452 markers was published by Zhang et al. [36] . This map was recently updated by adding some new SSR makers and dumping some unreliable markers. The new map contains 834 molecular makers covering a length of 2308 cM in 24 linkage groups, with an average genetic distance of 2.85 cM between adjacent markers.
In 2006, the RILs and their parents were planted in a 14 Â 14 simple lattice design with two replications, in the National Center of Soybean Experiment, Jiangsu, Nanjing Agricultural University, China. Each RIL was planted in a 4 Â 2.5 m 2 plot with five rows spaced 0.5 m apart. The lattice design used can reduce the field experiment error. Ten plants in the second row of a plot for each RIL were randomly selected for measuring seed dry weight at multiple times in the whole growing season. Starting 20 August 2006, 100 seeds were sampled from a single plant to measure their dry weights and then calculate the average dry weight per seed once every a week until seeds stop growing. Four to eight repeated measurements were taken for the RILs studied. Figure 1 illustrates the plot of seed biomass over time for 184 RILs and two original parents. The two parents showed substantially different growth patterns; parent Nannong 1138-2 forms seeds much later than parent Kefeng No.1 but the former displays a much greater rate of seed growth than the latter. There is great variability in seed growth trajectories among different RILs. Our field observation showed that some RILs formed seeds as early as in early August, whereas others did not generate seeds until early September. It is interesting to see that early types stop seed growth in mid-September when late types just started seed formation. Also, there is an amount of variation in seed growth rate, with some RILs similar to parent Nannong1138-2, whereas others similar to parent Kefeng No. 1. Such substantial variation in the timing of seed formation and seed growth rate suggests that this mapping population provides excellent material for functional mapping of seed development.
RESULTS
By analyzing this data set of seed growth, we detected three significant QTLs on linkage groups B1 and O, as evidenced by their LR values beyond the genome-wide threshold determined by permutation tests (Figure 2 ). On linkage group B1, two QTLs are claimed because their peaks are well separated (>30 cM) from each other. A summary of the estimates of QTL locations, genotype-specific curve parameters and covariance-structuring parameters is listed in Table 1 , where the standard errors of each estimate obtained by re-sampling are also given. It seems that all these parameters can be reasonably precisely estimated, although the time of reproductive delay is more difficult to estimate. The estimated curve parameters were used to illustrate the developmental trajectories of seed biomass for each genotype at each QTL detected. As shown in Figure 3 , two genotypes perform differently in the timing of seed formation and growth rate. At the two QTLs detected on linkage group B1, the time to form seeds was much earlier for the genotypes with alleles inherited from parent Kefeng No. 1 than those with alleles from parent Nannong1138-2. This is consistent with the parental difference, as parent Kefeng No. 1 is an early genotype, whereas parent Nannong1138-2 is a late genotype. However, at these two QTLs, small parent Kefeng No. 1 contributes favorable alleles to increasing seed sizes, leading to large seeds for the progeny composed of the Kefeng No. 1 alleles than the Nannong 1138-2 alleles. It is interesting to note that the time of reproductive delay differs significantly (P < 0.001) between two genotypes at each of the three QTLs detected, as tested with hypothesis test (8) , suggesting that this trait is under genetic control. The QTL on linkage group O follows a different inheritance mode from those detected on linkage B1. Large parent Nannong 1138-2 contributes favorable alleles to large seed sizes, and also it contributes alleles to early seed formation, although it is a late genotype. Different combinations of genotypes at different QTLs determine different growth patterns of seed biomass in the RIL population of soybeans. In general, a QTL shows an increasing genetic effect with time, reaches a peak of effects in a middle growing season and then decreases its effect at the late stage of growth. The effects of the two QTLs on linkage group B1 disappear when seeds start to stop growth ( Figure 3 ).
DISCUSSION
Almost every biological trait, including seed size, experiences a developmental change in particular stages of an organism's lifetime. Although previous models map QTLs for a phenotypic trait using its static measure, functional mapping can dissect and identify QTLs that control the process of trait growth and development [15, 16, 20, 21] , shifting QTL mapping from a static to dynamic context. To map seed development, however, functional mapping needs to accommodate the lag of seed formation behind vegetative growth. In this article, we integrated functional mapping and Reeve and Huxley's [27] allometric equation. This equation, modified from a simple allometric power, was equipped with an additional parameter that defines the time lag of trait development. By applying the model to a mapping population for soybeans, we identified three genome-wide significant QTLs that control seed developmental trajectories.
In the past two decades, a large number of QTL mapping studies have been conducted for many important traits of plants by only considering one stage of development [6] [7] [8] [9] [10] [11] [12] . Because of unavailability of a dynamic mapping model, these studies were not able to model the temporal behavior of QTL genetic effects during a specific growth period. There have been a few publications that report the dynamic change of QTL effects [6, 37, 38] by capitalizing on traditional developmental quantitative genetic models pioneered by Atchley [39] . These studies offer an important view that, in different stages of growth, a set of genes is selectively expressed and the expression of one gene may be modified by interaction with other genes and environment.
Apart from the integration of developmental quantitative genetic models, function mapping implements biological principles of trait growth and development using mathematical equations, treating time-dependent longitude data as a whole. Thus, it is possible that functional mapping provides biologically more relevant results about the developmental pattern of genetic control for complex traits and predicts the dynamic behavior of QTL effects at any time points or stages in lifetime. In statistics, functional mapping provides enhanced power and precision for QTL detection and estimation through parsimonious modeling of mean-covariance structures.
The merit of functional mapping over traditional approaches can be seen from the replication of QTL detection. Of many QTLs identified for seed weight in soybeans, only a small portion is consistent among different experiments. By comparing our detection with previous ones, we found some consistency. For example, the QTLs we detected for seed biomass detected in the marker interval between GMKF104b and Satt509 on linkage group B1 are consistent with that detected by both Teng et al. [6] and Zhang et al. [36] . Another QTL detected in the interval between GNE035 and Sat 231 on linkage group O is in a similar genomic region of a QTL detected by Liu et al. [40] . It should be noted that two QTLs were suggested to exist in the same linkage group B1 because they are distant from each other. Zeng's [41] composite interval mapping (CIM) was incorporated to judge whether these three QTLs are each a real one (results not shown). Surprisingly, CIM also identified multiple peaks, which suggests that there are rich QTLs harbored in this linkage group.
In this study, we identified three significant QTLs, which seem to be low given the complexity of seed development. We attribute this to two reasons. First, we must admit that our sample size (184) is relatively small, making those QTLs of small effects undetected. Based on our simulation studies, the detection of small-sized QTLs (with <0.05 heritability) requires at least 400 progeny to map dynamic traits. The simulation also shows that, once a QTL is detected using the current sample size, the false positive rate of QTL detection is low (<0.05-0.07). Second, previous work did report many QTLs, but they were mostly based on a certain LOD threshold, for example, LOD ¼ 3.0. This criterion may be too low to minimize false-positive rates of QTL detection [42] . In contrast, we have used a stringent threshold obtained from permutation tests. In the future, by augmenting this study through increasing a sample size to 400, we expect that functional mapping will generate more exciting results about QTL detection for seed development. By then, we will be in an excellent position to chart a picture of the genetic and developmental architecture of this important trait.
Key Points
Seeds are important carriers for plants to transmit their genes from generation to generation. Also, seeds play a central role in nourishing humans. As an important organ, the genetic control of seeds is still unclear, thus limiting the efficiency of practical breeding and selection for seed production and quality. Functional mapping has proven to be powerful for genetic mapping of dynamic traits, but it needs a special treatment to map seed development given the unique property of this process. We show that Reeve and Huxley's allometric model can be integrated with functional mapping to study the interplay between genes and seed development.
